Partial Least Squares (PLS) Mode B is a multi-block method and a tightly coupled algorithm for estimating structural equation models (SEMs). Describing key aspects of parallel computing, we approach the parallelization of the PLS Mode B algorithm to operate on large distributed data. We show the scalability and performance of the algorithm at a very fine-grained level thanks to the versatility of pbdR, a R-project library for parallel computing. We vary several factors under different data distribution schemes in a supercomputing environment. Shorter elapsed times are obtained for the square-blocking factor 16 × 16 using a grid of processors as square as possible and non-square blocking factors 1000 × 4 and 10000 × 4 using an one-column grid of processors. Depending on the configuration, distributing data in a larger number of cores allows reaching speedups of up to 121 over the CPU implementation. Moreover, we show that SEMs can be estimated with big data sets using current state-of-the-art algorithms for multi-block data analysis.
Introduction
Early, mathematicians and computer scientists explored methodologies and proposed techniques to process distributed matrices to optimize computing power and profit large computer systems (Golub and Van Loan, 1996) . With the software-hardware infrastructures advances, examining large data sets is gradually more feasible. That is the reason why the use of parallel computing technologies has spread by leaps and bounds in many areas (Schmidberger et al., 2009 , Pacheco, 2011 . This situation makes the analysis of big volumes of data a major challenge of investigating the performance, efficiency, and effectiveness of statistical methods.
From an end-user perspective, the parallelization process of an algorithm is not an easy task. It requires considering many factors, such as data distribution and data processing schema, the understanding of how available computer architectures operate to find the best way to distribute both data and tasks, or determining the appropriate dimension of data blocks for distributing data. As a result, scientific communities and companies are making available computational platforms for parallel statistical analysis, parallel computing and big data endeavors with increasing swiftness. An example of that is the website of "CRAN Task View: High-Performance and Parallel Computing with R" (Eddelbuettel, 2016) which lists a set of R packages and tools to develop parallel R-based applications, the preferred software of the statistical community. The number of applications in the list has at least doubled in the last few years. Most of them provide support to MPI (Message Passing Interface) API which is the standard in parallel computing.
Among the different existing tools (Schmidberger et al., 2009) we would like to highlight snow (Rossini et al., 2007 , Tierney et al., 2011 , snowfall (Knaus, 2010) , parallel (included in R since R 2.14.0) and its extension doParallel (Calaway et al., 2015) , Rmpi (Yu, 2009) , pbdR and MapReduce. snow and snowfall rely in the typical task parallelism provided by libraries with a Master/Worker approach. They use one function to perform reductions on a whole distributed data set in parallel. Both tools have been used in several applications. For instance, Deb and Srirama (2013) used snow to process bigger gene expression data sets by parallelizing the algorithm of K-Means clustering exploiting the multicore architecture of a desktop computer and Riddick et al. (2011) took advantage of snow package to make more efficient the process of multiple drug responses using Random Forest.
In contrast with this approach, Rmpi exposes MPI routines in R but leaves the parallelization task to the user. In this way, McLeod et al. (2007) used Rmpi to reduce computations by a factor of 30 in running the Durbin-Levinson and Trench algorithms for linear time series analysis and Lê Cao and Chabrier (2008) used Rmpi to faster the classification process of high dimensional data sets. Another example is Varsos et al. (2016) , who took advantage of Rmpi to implement single program and multiple data and develop an interface to perform parallel data analysis for the R-package vegan. Parallel R-based packages can also be used for exploring the parameter space of simulations faster. Lawrence and Morgan (2014) used parallel package to improve the speed of analysis of genetic variants from a whole genome sequencing experiment, and Luo and Zhang (2015) used parallel package provided by R to enhance the detection and extraction of water surface area from individual LiDAR point clouds. Hofert and Mächler (2016) and Górecki and Smaga (2018) used doParallel to carry out parallel computations on multiple cores for the simulation of a quantitative risk management problem and multivariate functional data analysis, respectively. MapReduce schema in Spark and Hadoop is commonly used in cloud computing but comparisons on clusters of multicore processors show that is not very well-suited for tightly coupled problems (Schmidt et al., 2014) , and Single Program Multiple Data approaches provide faster and scalable solutions (Schmidt et al., 2017) .
On the other hand, Partial Least Squares (PLS) Mode B is an algorithm for building explicit estimates of standardized variables that describe the relationship between several blocks of variables. PLS has been successfully used to estimate structural equation models and has facilitated the construction and estimation of new models in areas as diverse as marketing, genomics, brain imaging and manufacturing (Esposito-Vinzi et al., 2010 , Abdi et al., 2016 . In contrast to a loosely coupled algorithm where operations may be easily separated and therefore computed in different processors, PLS Mode B is a tightly coupled algorithm that is composed of a sequence of dense matrix operations that must be executed and iterated in a specific order. From a distributed perspective, the coupled sequence and order of operations make difficult to follow a master-worker approach to perform a parallel implementation of the algorithm. A data parallelism approach, such as Single Program Multiple Data (SPMD), is more suitable in this case.
Recently, there has been some research in relation to the performance of multiblocks algorithms. For instance, to address the big data problem, Fu et al. (2016) proposed a distributed algorithm for Generalized Canonical Correlation Analysis (GCCA) applied to sparse matrices. In this research, each data matrix was stored in different nodes and block components were computed in parallel for each block of variables. In contrast, in our research, we studied how to partition and distribute data matrices in different nodes, and how to tune a set of parameters to achieve the best performance on High Performance Computing architectures. Other works have been published in accelerating CCA algorithms such as Yan et al. (2014) who worked with MKL (Intel Math Kernel Library) and R-project. To our knowledge, no work has been done for multiblock PLS Mode B before.
In this paper, we present a parallel implementation of the multiblock PLS Mode B algorithm. Section 2 shows an outline of the algorithm and presents some of its features. We also introduce the framework pbdR, a set of R libraries for High Performance and Distributed Computing. This framework helps implementing the PLS tightly coupled algorithm to operate on distributed data. The versatility offered by pbdR to work with High Performance Computing systems with SPMD, its support to Single Process Multiple Data schema (Chen et al., , 2016 , along with their extensive documentation made us choose this library as a good suitable option for parallel PLS implementation. Next, the parallel implementation is presented in Section 3, and we show how the PLS algorithm can be used in a distributed environment to process large or big data sets. Finally, several computational experiments are carried out to study the scalability and performance of the implementation examining several factors such as grid layout and number of observations under different data distribution schemes in a multicore environment in Section 4. Among other results, we found that shorter elapsed times are obtained for the square-blocking factor 16 × 16 using a grid of processors as square as possible and non-square blocking factors 1000 × 4 and 10000 × 4 using an one-column grid of processors. Depending on the configuration, distributing data in a larger number of cores allows reaching speedups of up to 121.
Background

Multiblock PLS Mode B algorithm
PLS Mode B is an iterative algorithm for building a set of standardized variables and estimate the relationships between them (Wold, 1985 , Lohmöller, 1989 , Tenenhaus et al., 2005 , Hanafi, 2007 
The algorithm repeats 3 steps until convergence: (1) outer estimation of variables , (2) inner estimation of variables , and (3) weight updating. One of the algorithmsthe Lohmöller procedure -may be described as follows. To initialize the algorithm, we first calculate the initial weights vectors ̃( 0) such that the variance of is equal to one, 
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Then, we initialize the value of the outer estimate of as an exact linear combination of its variables ,
= (0) . At this point, we repeat until convergence the next procedure. For iteration , we calculate an inner estimate of ,
where
). After that, we update and normalize the weights vectors ̃,
Finally, we update the value of the outer estimate ,
The outer estimation offers a first estimation of as a linear combination of the measured variables ℎ . To consider the relationships between variables , the sign of the correlation between them is computed in the inner estimation (centroid weighting scheme). These signs are used as coefficients to compute the auxiliary In SPMD, data are distributed among processors (processor rank 0 and 1) and the same program or operations are executed in each portion of data. Here, we could summarize the final result. In the Master/Worker approach, the master prepares the data and distributes the subset to the process by the worker. Both processors execute their respective calculations in their own data sets and finally, the worker sends the results to the master, which summarizes the final result.
A tightly coupled algorithm and iterations
The PLS Mode B algorithm -and as was described above -consists of a welldefined sequence of dense matrix operations that must be executed in a sequential and specific order. The algorithm is fully written in terms of matrix algebra -making it a good candidate for parallelization -and no operation can be computed if the previous one has not been fully completed. PLS Mode B algorithm is what is called a tightly coupled algorithm where the operations may not be easily separated, and therefore, processed in different processors. For instance, we can not carry out outer and inner estimations in parallel in two processors at the same time because the inner estimation depends on the output values of the outer estimation.
All of this is in contrast to a loosely coupled problem where operations may be easily split, and therefore, processed in parallel in different processors. From a parallelization perspective, tightly coupled sequences make difficult to implement a master-worker framework to perform a parallel implementation. A data parallelism approach, such as SPMD, is more suitable in this case. pbdR puts into practice a SPMD approach (Raim, 2013 , Schmidt et al., 2014 , thus, it is properly positioned for implementing tightly coupled algorithms and working with dense matrix operations ( Figure 1 ).
Another important characteristic of the PLS Mode B algorithm is that the sequence of dense matrix operations -outer and inner estimation, and weight updating -is repeated until convergence. This has implications in terms of the cost of the algorithm parallelization and it imposes more communications costs among processors, so the distribution of work among them should be optimized as much as possible. All these characteristics, led us to use pbdR for the parallel implementation of the PLS algorithm. 
pbdR programming with big data
pbdR consists of a set of libraries for configuring and establishing an environment to work with parallel computing for big data analysis in R-project in a very similar manner. From a simple perspective, we can easily use R to analyze large data sets (Eddelbuettel, 2016) . In terms of performance, pbdR has shown to scale up to 10,000 cores with very good results (Schmidt et al., 2017) . There are several distinctive characteristics that make pbdR well-suited for developing parallel applications easily. It offers an almost mid-point between implicit and explicit parallel programming approaches. Users may easily decide whether to set how data are distributed among processors or let the library do it (default values). Thus, users may control some factors such as to examine the application performance while using an environment similar to plain R while operating on distributed data. Moreover, pbdR allows a finegrained control of the code and thus offers a lot of flexibility when programming an application (Ostrouchov et al., 2013) .
pbdR uses block cyclic distribution to distribute data across processors. This is done internally by pbdR but users are able to still set up the blocking factor in the program (Schmidt et al., , 2014 . Data blocks are assigned to a set of processors cyclically. Figure 2 shows an example to illustrate how we can allot a 6 × 6 matrix -global matrix -in a cluster of six processors. The block-cyclic distribution has several advantages. With the allocation of regular data blocks, computational methods can achieve a better performance by balancing the workload among computing units by parallelizing mathematical tasks and thus reducing communication costs (Blackford et al., 1997 , Bachmann et al., 2013 .
The core of pbdR consist of several packages such as pbdMPI, pbdSLAP, pbdBASE, and pbdDMAT. pbdMPI is an interface to MPI, a communication protocol between processors and the most extended solution so far for clusters and supercomputers (Schmidberger et al., 2009 , Eugster et al., 2011 , Eddelbuettel, 2016 . Thus, pbdMPI provides -for instance -functions that allow the data distribution, the movement of these data among processors, and also running the code that should operate on the distributed data. Therefore, to properly establish the communicator -that is the object "to define which collection of processes may communicate with each other" -is of paramount importance. Since pbdR is focused on the SPMD programming paradigm , Schmidt et al., 2012c , Ostrouchov et al., 2013 , users need to initialize the communicator(s) at the beginning of a script with the instruction init(). This enables the initialization of the processors (or task IDs) "to specify the source and destination of messages". Naturally, at the end of the script, we have to shut down the communicator(s) with the instruction finalize(). The main functions implemented in pbdMPI are reduce for collecting a set of objects distributed in different processors applying a reduction operation, for example, the sum of the objects; gather for collecting a set of objects distributed in different processors, the result is a list of the objects; comm.set.seed for setting seeds for random number generation to all processors via rlecuyer (Sevcikova and Rossini, 2012) ; and *ply functions such as pbdApply, pbdLapply, and pbdSapply, the counterparts of apply and lapply in the parallel case. At an early stage, Raim (2013) and Schmidt et al. (2014) showed very useful pbdMPI examples and functionalities such as point-to-point and collective communication.
While pbdMPI handles communications among processors, pbdDMAT is a library for managing distributed matrix classes, linear algebra, and statistics. pbdDMAT presents the class ddmatrix that allows the construction of distributed data across multiple processors using a block-cyclic distribution scheme to partition data. One of the main characteristics of the matrix decomposition is that it is not overlapping, meaning that each portion of a matrix is only distributed to one and only one processor. It is worth noting that data partition is performed by row and the blocks of data are handled by column in each processor (Schmidt et al., , 2014 . pbdDMAT also provides functions and interfaces to operate on block-cyclic distributed data such as Choleski or QR decomposition, linear algebra functions, principal component analysis, and a fitter for linear models, among others.
Two of the slots of the class ddmatrix are bldim, and ICTXT. bldim enables to set up the blocking factor for data distribution, that is the row and column dimensions of the blocks to partition the data matrix. ICTXT allows setting up a rectangular grid of processors for distributing data. Three rectangular shapes or contexts are possible.
Context 0 sets the processors in a grid as square as possible, context 1 establishes a one-row grid of processors, and context 2 places the processors in a one-column grid. The grid is initialized at the beginning of the R script with the instruction init.grid(). By default, the context is 0. Being able to decide the blocking factor Non-square blocking factor × rank 0 Square blocking factor × rank 0
and context offers a lot of flexibility for experimentation and determining the proper set up to perform computations. This has an impact on the achieved scalability and the communications among processors.
Supplementary Material SM_HLY_e01451 shows an example on the use of pbdLapply with the Master/Worker and SPMD approaches implemented in pbdMPI and a simple example on the use of pbdDMAT.
pbdR uses ScaLAPACK as the library to perform distributed dense linear algebra operations without adding much computational or memory overhead. ScaLAPACK is a widely known library which has been deeply assessed by the scientific community and improved by developers (Blackford et al., 1997) . It is well-known that ScaLAPACK prefers to work with square blocking factors, that is, equal row and column dimensions to partition a data matrix. Among others -and depending on the designed set-up -our results show that non-square blocking factor can be an alternative for achieving better performance which is particularly conditioned by communication costs among processors. The reference manual of pbdDMAT and the vignettes points out that "ScaLAPACK and PBLAS routines usually require square blocking" , but while some routines do not support non-square blocking, others like lm.fit() support nonsquare blocking factors (one must be careful in its use in any case). Table 1 shows the coefficients given by lm.fit() for matrices distributed with two blocking factors, a non-square blocking factor of 10 × 4, and a square blocking factor of 4 × 4. The solution corresponds to the solution of the linear least square problem. As can be observed, the same coefficients are obtained in both cases. We execute the script provided here in two ranks with mpiexec -np 2 Rscript filename.R.
Despite enabling to set up the size and layout of the grid of processors, and through the blocking factor a certain degree of control over the parallel process, many of the technical details for executing the parallel jobs in pbdR are hidden for the end-user . The packages pbdSLAP and pbdBASE execute this hidden job. pbdSLAP allows to use ScaLAPACK's functions -which includes the scalable linear algebra routines that make possible to perform calculations with distributed data -from within R via pbdMPI , Ostrouchov et al., 2013 .
pbdSLAP is based on ScaLAPACK version 2.0.2 which was last updated may 1, 2012. On the other hand, pbdBASE presents the necessary wrappers or interfaces and routines for communication with low-level routines written in Fortran and available in ScaLAPACK . All pbdR libraries "install and run on a single machine as well as on shared memory and distributed clusters" (Schmidt et al., 2012c, p. 811 ).
In our experience, one of the main costs of using parallel programming tools such as pbdR for statistical analysis are first the initial configuration of hardware (if necessary), second the installation of packages, and third the experimentation and tuning of parameters such as the blocking factor and the context to perform statistical analysis on distributed data.
rm(list=ls(all=TRUE)) suppressPackageStartupMessages(library(pbdDMAT, quiet=TRUE)) init.grid() .pbd_env$BLDIM <-c(4,4) #.pbd_env$BLDIM <-c(10,4) .pbd_env$ICTXT <-0 n <-25 p <-16 if (comm.rank() == 0){ comm.set.seed(12345,diff=TRUE) X <-matrix(rnorm(n*p, 0, 1), n, p) y <-matrix(rnorm(n*1, 0, 1), n, 1) } else { X = NULL y = NULL } dX <-as.ddmatrix(X) dy <-as.ddmatrix(y) myfun <-function(x,y) lm.fit(x,y)$coefficients result <-myfun(dX,dy) comm.print("Printing result rank 0...", rank.print=0) comm.print(submatrix(result), rank.print=0) comm.print("Printing result rank 1...", rank.print=1) comm.print(submatrix(result), rank.print=1) finalize() 
Methods
In this section, some considerations about the implementation of the algorithm with pbdR framework are pointed out. The parallelization process considers several steps. We used a virtual machine cluster for testing and tuning the conditions under which the experiments were finally executed, and marenostrum 3 supercomputer for running the experiments.
Parallel implementation of PLS with pbdR
Using the PLS algorithm presented in Algorithm 1, the new approach operates on * submatrices of the input matrix , where is the number of rows and is the number of columns. The goal is to split a large or big input matrix into different matrices and distribute them accross a number of processors where the PLS method will be applied to different portions of data. The PLS method operated in each submatrix will be collected at the end to compute the final results. The parallel pseudocode to distribute the data is presented in Algorithm 2.
The first processor ( = 0) prepares the execution by setting the seed that will be used in the algorithm and reads the input dataset ( matrix). After that, is divided equally and sent to each processor, including the first one. capacity of each processor and the number of processors involved. Once the different processors receive the information, they proceed to apply PLS method defined in Algorithm 1 implemented to operate over the assigned submatrices. Finally, results of the algorithm are sent to processor = 0 and gathered into a unique matrix -in this case , -before giving the final result. In our proposed algorithm data partition is performed based on data order, which is the way to ensure that the method is giving the appropriate results since the computation of weights presented in Algorithm 1 has a locality constraint.
To parallelize the PLS algorithm, we transformed our optimized serial R version to express it in terms of operations on submatrices, implementing it by using the utilities from pbdR and R-project. We used the class ddmatrix of the pbdDMAT package. Thus, we worked with distributed matrices and the code was applied to different portions of data, thanks to basic matrix operations already implemented in ScaLAPACK and used by pbdSLAP and pbdBASE to perform parallel computations ,b, Schmidt et al., 2012b . The pseudocode of the implementation is presented in Algorithm 3.
There are two possible ways to create a data set for experimentation. First, we can generate a distributed matrix with the following instructions, if (comm.rank() == 0){ comm.set.seed(12345,diff=TRUE) X <-matrix(rnorm(n*p, 0, 1), n, p)
where n is the number of observations and p the number of variables. In this case, we are generating random normal data with zero mean and unit variance with the seed 12345 in the rank = 0 (processor 0), and then distributing it to other processors with the instruction dX <-as.ddmatrix(X). Thus, independently of the setup, the same data set is always distributed. The second way to generate data is as follows:
comm.set.seed(12345,diff=TRUE) dX <-as.ddmatrix(matrix(rnorm(n*p,0,1),n,p))
In this other case, data it is automatically generated in each rank (or processor) resulting in different data sets for every setup. To be able to verify the proper implementation of the algorithms we chose the first option. Moreover, we decided to store small vectors and parameters in all ranks to get a more homogeneous parallelization, such as the initial weights vector, the number of observations, the number of variables, the binary matrix with the relationships between variables, the mode for each block of variables, and the number of variables per block of variables.
To manage distributed data within the parallel PLS function, we organize the data into lists, thus, for instance, the first step of the PLS algorithm -the initializationmay be implemented as follows, dWnls <-mapply(f,dXls,dWls,SIMPLIFY=FALSE) dYls <-mapply("%*%",dXls,dWnls,SIMPLIFY=FALSE)
The function f allows us to compute the values of the weights vectors such that the variance of is equal to one (line 4 and 11 in Algorithm 1). This can be obtained by computing the Frobenius norm ("F") of the vector x%*%y. Thus, we call mapply to apply the function to the first, second, third, ..., element of each argument, in this case dXls and dWls, the distributed data set and weights vector. The same procedure is applied to calculate the values of the variables , which are also organized into lists (line 5 and 12 in Algorithm 1). mapply is provided for the base distribution of R-project and it works fine with distributed data. A similar procedure was used to implement the other steps of the PLS Mode B algorithm (inner estimation and weight updating).
We would like to highlight some stages in the process of creating an implementation that operates in distributed environments.
(1) The serial implementation should be first optimized, by testing and benchmarking key functions looking for performance improvements. (2) Determining a degree of parallelism is crucial. There is a need to decide how data will be distributed and thereafter the implementation should be adapted. (3) Results obtained should be validated against the serial version (for instance, the instructions for norm computation, the reciprocal of a number, the fit of linear models, etc. for square and non-square blocking factors and for different contexts). This was rigorously and systematically carried out for (a) each step of the first iteration of the algorithm -outer and inner estimation and weight updatingand (b) the final algorithm results. In this way, we were able to verify the results' correctness and to carefully understand how the operations are executed when using a SPMD approach. (4) Finally, benchmarks should be performed to test different alternatives of implementation of the computations and code-granularity.
Results and discussion
Computational experiments
We run a set of computational experiments to study the scalability and performance of the parallel implementation of the PLS Mode B iterative algorithm (centroid scheme). Parallel simulations results were compared with the sequential executions results for correctness whenever possible. We installed pbdR and performed all the experiments in marenostrum 3 supercomputer. Marenostrum3 is equipped with 3,056 nodes containing 2 sockets of Intel SandyBridge-EP E5-2670/1600, with 8 cores each, totaling 16 cores per node and 32 GB of main memory (2 GB per core).
The interconnection network is based on Infiniband FDR10 technology. In all nodes, we used R version 3.3.0, OpenMPI 1.8.1, rlecuyer 0.3-4, pbdBASE 0.5-0, pbdMPI 0.3-3, pbdSLAP 0.2-1, and pbdDMAT 0.5-0. In total, we run around 750 experiments.
Computational performance of the sequential implementation
In order to have a baseline for comparison, the first set of computational experiments was designed to obtain executions times and the relationship between time and the number of observations with the serial implementation of the PLS iterative algorithm. The PLS model setup included a component-based model with three exogenous variables and one endogenous variable. Each variable was related to a block of variables with four indicators in a Mode B. Therefore, we set the complexity level of the multiblock model. Data were generated as random normal data with zero mean and unit variance and using the seed 12345. The condition for convergence was set in 1 − 16. The experiments were executed for tall skinny matrices with five different number of observations: 1, 2.5, 5, 7.5, and 10 million.
As a result, we processed matrices with 16, 40, 80, 120, and 160 million entries, respectively. The experiments were executed on a personal computer under the usual conditions in which researchers and practitioners apply the algorithm to estimate a model: a multicore architecture with 2 to 8 processors with a shared memory. For every case, we measured the elapsed time of the iterative algorithm implementation.
We worked with the mean of 5 replications. Table 2 shows the elapsed time in seconds of the serial implementation of the iterative algorithm to tall and skinny matrices. The algorithm is executed in 200.6 seconds for 1 million observations. Beyond that, we can not observe constant increments of the times. However, we note that the execution time increases close to linearity with the number of observations. For each simulated condition, the same PLS vector of weights was obtained in each execution. Even though there are several factors affecting times, it is worth the attention the fact different seeds give a different set of pseudo-random numbers, and therefore, this will involve different elapsed times. For instance, for a seed 123 and 1 million observations, the execution time of the serial implementation is 34.8 seconds, much less than for the seed 12345.
However, for a seed 123 and 7.5 million observations, the same implementation is executed in more than five times the time obtained when generating the data with the seed 12345 (1891.7 seconds). As expected, elapsed times of the PLS algorithm serial implementation are quite smaller for small numbers of observations: matrices with 100, 500, and 1,000 rows were processed in 0.25, 0.05 and 0.08 seconds, respectively (seed 12345).
On the other hand, using the instruction plspm of the plspm R-package (Sanchez et al., 2009 ) and the instruction sempls of the semPLS R-package (Monecke and Leisch, 2012 ) on the same model resulted in an elapsed time of 0.11 and 0.68 seconds respectively for 1,000 observations (seed 12345). Note that we are comparing the implementation of the iterative algorithm with the instructions just as a reference.
Computational performance of the parallel implementation
We examined the performance of the parallel PLS algorithm compared to the serial PLS iterative algorithm to find the most suitable computational setup for an effective and efficient algorithm's execution. We varied five factors: number of observations, blocking factor, context, number of cores, and number of nodes. To make results comparable, we generate the same data by setting the seed to 12345 with the instruction comm.set.seed(). Data were generated in comm.rank() == 0 and then distributed to the other cores/nodes as was previously described. The condition for algorithm convergence was set to 1 − 16. Each experiment was executed in different cores/nodes so that executions were independent and they did not compete with others in the use of resources. In addition, and as for the serial case, we inspected the values obtained for weight vectors. For each simulated condition, the same vector of weights was obtained in each execution.
We performed the first experiment to determine the proper block sizes to distribute data across processors. Moreover, we examined how blocking factors affect the execution time when applying the algorithm to distributed data. It is known that block sizes may be inefficiently large or small . With this aim, we fixed the size of the data set. We worked with a matrix of 16 variables and 1 million observations. The data matrix was partitioned and distributed using eight different blocking factors: 2 × 2, 4 × 4, 8 × 8, 16 × 16, 50 × 4, 100 × 4, 1000 × 4 and 10000 × 4. The first four square blocking factors were also used in Bachmann et al. (2013) to study the performance of parallel implementations of covariance matrices and principal component analysis. In their report, they concluded that "dividing the number of rows and columns evenly are likely more efficient" (Bachmann et al., 2013, p.3) . Thus, they chose a matrix where the number of observations is ten times larger than the number of variables to ensure an even distribution of the data and a suitable load balancing. Here, we studied a more general case for experimenting with tall and skinny matrices. Our aim was to see whether to establish the blocking factors according to the column dimension of the data matrices could have an advantage in terms of execution times. Moreover, -and even though square blocking factors are recommended to partition and distribute data and "ScaLAPACK and PBLAS routines usually require square blocking" , p.9) -we perform our experiments with the second set of non-square blocking factors -50 × 4, 100 × 4, 1000 × 4, 10000 × 4 -where the number of columns of the partition blocks are equal to the number of indicators per variable and the number of rows is up to 2500 the number of columns.
We examined the performance of the algorithm implementation in two different pbdR contexts by varying the grid layout by fixing the value of the slot . to test the effect of different configurations in the execution time. A context 0 in which a grid layout is automatically set as square as possible by pbdR, and a context 2 in which the processors are positioned in a one-column grid. For every case, we measured the elapsed time of the application of the iterative algorithm to distributed data in 2, 4, 8, and 16 cores. As in the previous case, the experiments were performed in a multicore environment. Time measurement did not include the time for data generation, the initial data movement for data distribution or the time for collecting the output results. However, the obtained computation time included some data movement within the iterative algorithm. Table 3 shows the elapsed time in seconds of the parallel implementation operating on distributed data in 2, 4, 8 and 16 cores in a single node, so communication times are minimized. For 2 cores and . = 0, and taking into account all the blocking factors, the times range from 12.6 s to 1917.9 s (0.2 min to 31.9 min). When . = 2, the times range from 11.2 s to 1914.1 s (0.1 min to 31.9 min). These results are for a matrix of 16 million entries. These times seem reasonable when they are compared with those obtained by Bachmann et al. (2013) , although the highest time obtained for . = 0 is high. Bachmann et al. (2013) reported the elapsed times of the calculation of the covariance matrix and principal component analysis (PCA) for a matrix of 262 million entries approximately. For the experiments executed in 2 cores, the overall runtime ranged from 3274.6 s to 4131 s (54.5 min to 68.8 min).
For 2 cores, the elapsed times of the parallel implementation are higher than for the serial implementation when distributing data with square blocking factors (see Table 2 ). However, all the elapsed times obtained when distributing data with non- These results show that the decision of choosing the blocking factor and context can highly affect the efficiency of the solution and we confirm the results reported by To have a much clearer appreciation of the performance of the parallel implementation when partitioning the data with different blocking factors, Figure 3 shows the differences of the elapsed times in seconds between context 0 and context 2, 0 − 2 ; Table 3 Our results contrast with the recommendation given by Schmidt et al. (2012c,a) to partition data with square blocking factors. The reason for that is likely due to the fact that the column dimension of the blocking factors was chosen equal to the number of variables related to each variable , thus facilitating the computation of the distributed matrix algebra operations considered in the PLS algorithm. This configuration should also facilitate the data operation in each processor, giving that data partition is performed by row and the blocks of data are handled by column in each processor (Schmidt et al., , 2014 .
To summarize, shorter elapsed times are obtained for the following configuration: square-blocking factor 16 × 16 using a grid of processors as square as possible (context 0) and non-square blocking factors 1000 × 4 and 10000 × 4 using an onecolumn grid of processors. The non-square blocking factors considered here are "too big (relative to the process grid), then the data distribution will be very uneven" (Schmidt et al., 2012a, p. 15) , this should reduce communication times among processors and also "the amount of parallelism possible". However, it is good to reduce communication times and data sets considered here are large enough to take advantage of the parallelism.
The second set of experiments was executed in order to measure the execution times when increasing the number of observations. Five number of observations were considered: 1, 2.5, 5, 7.5, and 10 million. First, we studied a general case, experimenting with tall and skinny matrices. Second, the number of observations was 625.000 times larger than the number of variables in the most extreme case. Two blocking factors were selected based on first set of experiments output, 16 × 16 (. = 0) and 1000 × 4 (. Additionally, to examine the performance of the implementation taking into account communication times between nodes, the third set of experiments was designed. We executed the same experiments as described before distributing data in 8 cores in 2, 4, 8, 16 and 32 nodes this time. Therefore, data were distributed among 16, 32, 64, 128, and 256 cores in total. This experiment allows observing if we have improvements in the times by increasing the available memory in each node for each core.
To measure the speedup, we computed the gain obtained in the elapsed time comparing the parallel execution of the PLS Mode B algorithm to the serial one. The speedup of a parallel implementation is defined as = 1 ∕ where 1 is the time required for an algorithm running on a computer with one processor and is the time on a computer with independent processors. Table 4 and Figures 4(a) and 4(b) show the elapsed times in seconds of the parallel implementation when increasing the number of observations (mean of five replications). Table 4 also shows the elapsed times for each repetition as well as the mean, standard deviations and coefficients of variation. As expected, time increases when the number of observations increases. Besides, all the times are lower for a blocking factor of 1000 × 4 and . = 2 than for 16 × 16 and . = 0. As can be clearly seen, for matrices with a higher number of observations -7.5
and 10 million observations -the computations require more time when they are executed with fewer resources as in the case of 4 cores.
Times decrease considerably when increasing the number of cores from 4 to 8, but when increasing to 16 cores, communication costs among cores outweigh the savings in time by distributing data to a larger number of processors. This is more evident when distributing data with a blocking factor of 16 × 16 and context 0. For data distributed across 8 and 16 cores, elapsed time decreases more for nonsquare blocking factors and context 2 than for square blocking factors and context 0, and smaller times are reached for the first case (. = 2). Figure 4 (b) clearly displays that times are closer to linearity when data are partitioned with a non-square blocking factor. This is the case in all studied cases (number of observations), and as shown, results are precise with coefficients of variation of 0.8% at most. observations, speedups reach values of up to 1.6, 6.9, 7.7, and 3.5, respectively. The speedups increase for 2.5, 5 and 7.5 million observations but the speedups decrease for 10 million observations. These performance increments are quite good, especially if we contrast them with Schmidt et al. (2012c) who reported speedups of up to 3.58 when testing PCA for a matrix of 100 million entries distributed in 512 cores. 8, 16, and 32 nodes, respectively, using all available resources at each node. In general terms, the results demonstrate that elapsed times increase when increasing the number of observations. However, as the number of cores increases, the times decrease, although at some point -beyond the 128 cores -communication times among nodes may become important and elapsed times slightly increased again.
Furthermore, Figure 
Conclusions
Parallel computing technology is making more and more advances and providing faster solutions for running applications. Technological development in this area is extremely rapid and an increasing number of scientific communities are taking benefit of this technology. It looks like, as computers are a standard today, parallel computing will be tomorrow. From this standpoint, identifying the key aspects of the parallelization process and experimenting in an early stage of the research with different setups allow the user proper decision making. In this sense, the main contributions of this paper are (i) to show the scalability and performance of the Multiblock PLS Mode B algorithm, a tightly coupled algorithm for estimating the relationships among several blocks of variables; scaling an algorithm of this type is a difficult task precisely because of the coupled sequence of matrix operations;
(ii) to confirm the applicability and utility of the R-project package pbdR for this implementation; and (iii) to prove that structural equation models can be estimated with big data sets using current state-of-the-art algorithms for multi-block data analysis.
There are several open questions and streams that arise from this research for future work. Areas such as algorithm features, hardware availability, software, linear algebra libraries for processing dense matrix operations, algorithm encoding, among others, could be further addressed. To investigate the use of other linear algebra libraries for distributed data that allow handling non-square blocking factors without restrictions is a pending task. We conclude that non-square blocking factors show the best elapsed times, even though the libraries PBLAS and ScaLAPACK -on which pbdR is based -prefer to work with square-blocking factors and some operations do not support non-square blocking factors. To compare pbdR with other R libraries, or other platforms for big data analysis such as Spark and MapReduce is also a compelling topic for further research as well as to apply our work to real data sets. Moreover, solving the problem of how to extract and transform big data sets from data sources to a multicore environment should be approached. We plan to tackle also of software installation can future research, especially because the initial configuration is one of the main entry barriers for many users.
Declarations Author contribution statement
A. Martinez-Ruiz, C. Montañola-Sales: Conceived and designed the experiments; Performed the experiments; Analyzed and interpreted the data; Contributed reagents, materials, analysis tools or data; Wrote the paper.
Funding statement
This research did not receive any specific grant from funding agencies in the public, commercial, or not-for-profit sectors.
